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Abstract—Anterior cruciate ligament (ACL) reconstruction
necessitates months of rehabilitation, during which a clinician
evaluates whether a patient is ready to return to sports
or occupation. Due to their time- and cost-intensive nature,
these screenings to assess progress are unavailable to many.
This paper introduces an automated, markerless, camera-
based method for estimating rehabilitation criteria following
ACL reconstruction. To evaluate the performance of this novel
technique, data were collected weekly from 12 subjects as they
used a leg press over the course of a 12-week rehabilitation
period. The proposed camera-based method for estimating dis-
placement and force was compared to encoder and force plate
measurements. The leg press displacement and force values
were estimated with 89.7% and 85.3% accuracy, respectively.
These values were then used to calculate lower-limb symmetry
and to track patient progress over time.
I. INTRODUCTION
Rupture of the anterior cruciate ligament (ACL) is a
common lower limb injury, with approximately 250, 000
instances occurring annually in the United States [1]. Al-
most 100, 000 of these patients undergo ACL reconstruction
(ACLR) surgery each year, which is accompanied by a
rehabilitation program lasting several months [2]. While in-
juries resulting from contact are often beyond an individual’s
control, noncontact ACL ruptures occur most often when
subjects exhibit biomechanical deficits during deceleration,
lateral pivoting, and landing tasks [3], [4], [5].
These deficits are commonly diagnosed in functional mo-
tion screens [6], [7], where a clinician looks for abnormal
movement patterns and asymmetries in range of motion,
strength, power, and control while the patient performs a
series of dynamic tasks. For ACLR patients, functional
screens are used to track progress during rehabilitation and
assess if an athlete is ready to return to sports [8], [9],
[10]. However, since these assessments are not cost-effective
for large groups or frequent sessions [11], they cannot be
performed regularly throughout the course of a rehabilitation
program and are, in fact, inaccessible to most individuals.
Furthermore, functional screens, as well as some au-
tomated lower limb assessments [12], focus on subjects’
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kinematics and typically do not evaluate forces. Measuring
forces during motion could alert clinicians to altered load
distributions throughout a patient’s knee joint [13], but quan-
tifying these forces is infeasible from clinical observations
alone.
To address these concerns, researchers have assessed high-
risk movements quantitatively in the laboratory with motion
capture equipment [4], [14]. Though successful in identifying
biomechanical deficits that could lead to ACL rupture, the
motion capture setup is inaccessible in the clinical setting due
to cost and setup time. Motion capture systems that involve
equipment such as marker suits also inhibit a subject’s natural
movement [15], [16], which can unintentionally impact the
biomechanical assessment. Additionally, automated progress
assessment can be more easily implemented on a large scale
by evaluating forces during commonly used rehabilitation
exercises, such as the leg press [17], [18].
The contributions of this paper are threefold. First, as
described in Section III, a technique to estimate forces
through a vision-based system as subjects use a leg press
in a rehabilitation program, outlined in Fig. 1. Second,
as described in Section IV, a dataset that includes force,
encoder, and camera data for 12 ACLR subjects who were
undergoing weekly rehabilitation for 12 weeks. Finally, as
described in Section V, a quantitative evaluation that il-
lustrates that our proposed vision-based technique is able
to accurately measure common functional screening criteria
when compared to empirical techniques and ground truth
data across all participants. The remainder of our paper de-
scribes quantifiable criteria present in the leg press functional
screen (Section II) and discusses future work for automating
other tests present in a functional motion screen (Section VI).
II. BACKGROUND
This section describes criteria a clinician may look for
when the leg press exercise is included in functional screen-
ings for ACLR patients. During functional motion screens,
clinicians focus on a specific task with the intent of evalu-
ating and tracking individual performance [8]. In this paper,
we focus on the single-leg leg press exercise, as it is widely
used for rebuilding lower-limb muscle after surgery and can
provide a means for assessing lower-limb symmetry [17],
[18]. During a leg press exercise, an individual lies on a sled
that translates along a rail, and pushes on a foot plate to lift
a set of adjustable weights. While conducting a functional
screen of an individual performing this task, clinicians can
record the number of repetitions in each leg, comparing the
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Fig. 1. This paper employs a camera-based pose estimation algorithm
to automatically estimate rehabilitation criteria for 12 ACL-reconstructed
patients over the course of a 12-week study. (a) A stereo camera was used
to collect video of participants performing a leg press exercise. A pose
estimation algorithm estimated the positions of each of the participant’s
joints, depicted as a skeleton figure. (b, c, d) The estimated positions of
the shank, thigh, and trunk are plotted at the beginning, middle, and end
of a single leg press repetition, respectively. (e) The estimated force on the
foot plate, which can be used to evaluate rate of recovery after an ACL
reconstruction, (gray line) is plotted over time, with the vertical black lines
corresponding to the times at which (b, c, and d) are plotted.
patient’s ACLR leg to the healthy one [17], [19]. Though
research has shown that evaluating the force generated during
the motion can be useful to assess ACL injury risk, clinicians
are typically unable to accurately estimate this from direct
observation [20], [21].
Instruments such as a force plate and encoder can quantify
the forces present in the leg press exercise as well as
automate the recording of repetitions; however, these sensors
are often expensive and require custom-built hardware to
attach to a leg press. Accordingly, this paper focuses on
estimating the following quantities while an individual is
performing a leg-press exercise, described in Section III:
1) Displacement of participant from initial position
2) Force present on the leg press foot plate
3) Symmetry in repetitions between left and right leg
The above criteria are then used to track patient improvement
over time. We automate the estimation of these values
using a single stereo camera coupled with a pose estimation
Encoder
LED indicator
Force plate
Fig. 2. Setup for data collection, including instrumented leg press with
force plate, encoder, and LED indicator to signal when a patient is at
90 degrees. Video was recorded using a wall-mounted stereo camera (not
pictured).
algorithm, which does not require the use of expensive
instrumentation or complicated installation.
III. AUTOMATING THE ESTIMATION OF LEG PRESS
FUNCTIONAL CRITERIA
This section details the method of data collection and
processing for obtaining the quantities described in Section
II. Here, familiarity with stereo camera geometry is assumed;
for definitions refer to [22]. We estimate two-dimensional
joint position in the left and right frames of a stereo image.
We then use this joint position data to estimate displacement
and force with a dynamic model of a subject on a leg press.
The force and displacement values are compared to those
measured by a rotary encoder and force plate.
A. Data Collection
Each test is performed on a leg press machine (Body Mas-
ters MD-122) instrumented with a force plate and encoder at
University of Michigan’s MedSport Facility in Ann Arbor,
Michigan. The force plate (Loadstar Sensors, DI-1000) with
a sampling rate of 192 Hz, is installed on the machine’s
foot plate, and measures the force exerted on the foot plate
during the leg press test. The rotary encoder (US Digital
H6-10000), with sampling rate of 55 Hz, is installed via an
adapter on a pulley that rotates with the motion of the sled.
To record lateral movement of the subject, a stereo camera
(ZED Stereolabs) collecting video at an average frequency of
8 Hz is mounted on a wall near the leg press 4 meters away.
Mounting the camera on the wall ensures that the camera’s
position will not be disturbed by visiting patients over the
Fig. 3. The estimated three-dimensional coordinates of the hip joint
are plotted as blue dots in a camera-centric world frame (X,Y, Z), all
scaled equally. A Principal Component Analysis yields the first principal
component of the data, shown as the gray arrow. The plane perpendicular to
this vector is shown in light gray. The three-dimensional hip joint positions
are projected onto this plane (gray dots), and then used to estimate a patient’s
displacement from their starting position.
course of the study. A magnetic switch is manually placed at
the beginning of each test, triggering an LED light to ensure
that subjects consistently reach a 90-degree knee angle. The
experimental setup is shown in Fig. 2. Individual tests are
eliminated if the camera, force plate, or encoder data fails to
be recorded.
B. Estimating Joint Position
The OpenPose pose estimation algorithm is used to esti-
mate the position of the hip joint during each leg press test
[23]. This algorithm returns horizontal (x) and vertical (y)
pixel coordinates for a joint of interest in each image frame.
It is run separately on rectified [22, Chapter 11] left and right
frames of the stereo images, and the (x, y) coordinate pairs
are saved for both frames. Although rectification guarantees
that corresponding points in left and right images have
the same y-coordinates, this property does not hold in the
context of a pose estimation algorithm. However, equivalent
y-coordinates are necessary for accurate depth estimation
on rectified images, due to the epipolar constraint [22,
Chapter 11]. As the y-values of joint positions produced
by OpenPose frequently differ between the left and right
frame of the stereo images, we regulate the y-coordinates of
corresponding left and right frames by replacing both values
with their mean.
C. Estimating Displacement
To estimate a patient’s displacement from their starting
position using camera data, the three-dimensional position
of each joint with respect to the left frame of the stereo
camera is recovered. Using the post-processed x- and y-
coordinates from our two-dimensional joint position, we
compute a Direct Linear Transformation (DLT) with least
squares minimization [22, Chapter 7] and form a three-
dimensional point cloud. An example from one patient can
be seen in Fig. 3.
As described in the previous section, regulation of a joint’s
y-coordinate lowers the re- projection error [22, Chapter 6]
within corresponding stereo image pairs sampled at the
same time. However, the pose estimation algorithm may
not return the same pixel for a given joint in image pairs
sampled consecutively, meaning that even after regulation,
the estimation of the depth of the joint relative to the camera
can vary between successive frames. Indeed, due to the
distance of the camera from the study participants, error
of even one pixel translates to a much larger error in the
three-dimensional position estimation of the depth, or Z-
coordinate, as illustrated in Fig. 3. The direction of this error
is extracted via Principal Component Analysis (PCA) of the
three-dimensional point cloud for the hip joint, where it is
represented by the first principal component. The second and
third principal component then form a plane approximately
containing the true motion of the hip joint, shown in Fig.
3. Exploiting the knowledge that a participant’s hip joint
position is constrained while performing a leg press and
exhibits only minimal lateral movement, we project the three-
dimensional points onto this plane. The Euclidean distance
between the resulting points and the starting position is then
used to calculate displacement.
D. Estimating Force
The estimate of displacement is used to approximate
the forces present on the leg press plate during testing. A
dynamic model of the leg press machine is constructed to
estimate the force on the foot plate at time t by the patient,
which we denote by f(t). The parameters employed by the
model are:
m = mass of patient
ms = mass of sled
mw = mass of weights
I = combined rotational inertia of pulleys
r1 = radius of pulley 1
r2 = radius of pulley 2
α = angle of foot plate to vertical
β = angle of machine rail to horizontal
θ = rotation angle of the disk (encoder)
g = gravitational constant
Given the second derivative of a camera-estimated dis-
placement trajectory x¨(t), a free body diagram of the leg
press machine, shown in Fig. 4, yields:
(m+ms)x¨(t) = f(t) cos(α+β)−T−(m+ms)g sinβ (1)
where T represents the tension in a strap connecting the sled
to the adjustable weights. This tension T can be solved for
through the following relation, where θ = x(t)r1 :
Iθ¨(t) = Tr1 −mwgr2 (2)
This can be substituted into (1) to give the force f(t):
f(t) =
1
cos(α+ β)
((
(m+ms) +
I
r21
)
x¨(t)+
+
r2
r1
mwg + (m+ms)g sinβ
) (3)
Fig. 4. Free body diagram of the entire leg press system.
E. Calculating Repetitions and Symmetry
The number of repetitions in each trial is calculated
automatically by counting the peaks present in the smoothed
estimation of displacement. Within the time window of inter-
est, the displacement data is first zero-centered by subtracting
the mean value. Next, the number of zero-crossings with
negative slope are tallied as repetitions. Defining the number
of repetitions on the right and left leg, respectively, as repsR
and repsL, we calculate the symmetry between a patient’s
right and left legs as
%sym = 100
min (repsR, repsL)
max (repsR, repsL)
(4)
IV. EXPERIMENT
This section describes the leg press experiment, conducted
on the setup described in Section III. Twelve ACLR patients
(3 female and 9 male, ages 17-31, average height 1.755 ±
0.0876 m, average body mass 78.14±10.7 kg) were recruited
for this study. The subjects were at least 4 months out of
surgery. The same number of control subjects were recruited,
matched with ACLR subjects for height, weight, sex, and
age. All participants gave their informed written consent,
with parent or legal guardian permission if necessary. The
experimental protocol was approved by the University of
Michigan Health Sciences and Behavioral Sciences Institu-
tional Review Board, eResearch ID: HUM00132288. The
ACLR subjects completed the leg press test once a week
over a 12-week period, and control subjects completed the
test once. During each testing session, the subject performed
four 35-second leg press intervals (single-leg, two intervals
on each). These intervals consisted of 30% and 50% of the
subject’s body weight on each leg, in randomized order.
Subjects were instructed to complete as many repetitions of
the leg press motion as possible, reaching a 90-degree knee
angle on each cycle.
V. RESULTS
This section describes the accuracy of our method in
estimating the following quantities:
1) Displacement of participant from initial position
2) Force present on the leg press foot plate
3) Symmetry in repetitions between left and right leg
TABLE I
ACCURACY OF CAMERA-BASED ESTIMATION
Number of Tests 505
Distance Estimation Accuracy(%) 89.7
Force Estimation Accuracy (%) 85.3
Reps Accuracy(%) 97.4
Percent Symmetry Accuracy(%) 96.5
All accuracy measures were computed using force and
displacement values from 505 leg press tests, the total of
12 ACLR patients over 12 weeks with 4 tests per session,
as well as the 12 controls patients with one session each.
As described earlier, any trials wherein the camera, force
plate, or encoder data failed to record were excluded from
analysis. The estimated quantities are then used to track
patient progress over time.
A. Displacement Estimation
The root mean square error (RMSE) between the estimated
and measured displacement trajectory for each leg press
trial was computed. On average, the estimated displacement
differed from measurements with an RMSE of 0.0411 ±
0.0595 m. When normalized by the range of measured
displacements (mean 0.399 m) in each trial, this corresponds
to an average normalized root mean square error (NRMSE)
of 10.3%±14.9%. An example of estimated versus measured
displacement values for one subject is shown in Fig. 5, while
Tab. I reports a summary of estimation accuracy.
0 5 10 15 20 25 30
0
0.1
0.2
0.3
0.4
0.5
D
is
pl
ac
em
en
t (m
)
0 5 10 15 20 25 30
Time (s)
0
20
40
60
80
100
120
Fo
rc
e 
(N
)
Fig. 5. (a) Leg press displacement estimation (red line) versus measured
(gray line) during the leg press test. (b) Leg press force plate value
estimation (blue line) versus measured (gray line).
B. Force Estimation
The RMSE between the estimated and measured force
values for each leg press trial was found to be 14.48± 4.93
N. After normalization by the range of measured forces, this
corresponds to an NRMSE of 14.7% ± 4.5%. An example
of estimated versus measured force values for one subject is
shown in Fig. 5.
C. Repetition Counting and Symmetry Evaluation
A count of the number of repetitions completed in each
of the 505 trials was calculated using both estimated and
measured displacement values. The difference between the
two counts was divided by the total number of repetitions
found in the measured displacement trajectory, yielding an
error percentage for each trial. The average error percentage
was 2.6%± 1.7%.
The accuracy in percent symmetry was computed in a
similar manner. After finding the repetitions from both
the estimated and measured displacement values, percent
symmetry was calculated for each using (4). For each test,
the difference between the estimated and measured percent
symmetry values was divided by the measured percent sym-
metry. The error percentage, averaged across all tests, was
3.5%± 2.3%.
D. Patient Improvement Over Time
Force and displacement data collected from subjects’
ACLR leg during the 50% body weight test was used
to track progress over time. The camera-based estimations
of displacement and force confirm improvement in ACLR
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Fig. 6. Normalized number of repetitions averaged over 12 ACLR patients,
calculated with estimated (red dots) and measured (gray dots) displacement
values, plotted over 12 weeks. Trendlines for the estimated and measured
values are shown in red (r2 = 0.382) and gray (r2 = 0.662), respectively.
The estimated data show an average increase in repetitions of 5.5% over
the course of the study, while the measured data give an average increase
of 9.6%.
patient performance over the 12-week study. The number of
repetitions achieved by each subject during each of the 12
tests was normalized by the maximum number of repetitions
for that subject over the course of the study. Peak force was
normalized in a similar fashion. The 12 ACLR patients in
this program had an average increase in normalized number
of repetitions of 5.5%, shown in Fig. 6, and average increase
in peak force of 9.5%, illustrated in Fig. 7.
VI. DISCUSSION
Functional motion screens are useful for preventing ACL
injury and monitoring rehabilitation progress after ACL
reconstruction surgery. However, since they are time- and
cost-intensive, these assessments have limited availability.
Many of the qualitative criteria in a functional screen can
be quantified, and introducing markerless pose estimation
provides an opportunity to automate the process.
In this paper, we reproduced force and encoder readings
from an instrumented leg press using a stereo camera with
over 85% accuracy. We used these values to automate
functional screening results. We calculate percent symmetry
between a patient’s healthy and ACL-reconstructed legs, with
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Fig. 7. Normalized peak force, averaged across 12 ACLR subjects,
computed from both estimated (blue dots) and measured (gray dots) force
values, plotted over a 12-week period. Trendlines for the estimated and
measured values are shown in the blue (r2 = 0.857) and gray (r2 = 0.887)
dotted lines, respectively. The estimated average peak force increased by
9.5% between the beginning and end of the study, while the measured data
give an average increase of 13.7%.
an accuracy over 95%. We also tracked number of repetitions
and peak force over the course of the 12-week study for 12
subjects. The improvement in peak force suggests that mea-
suring forces during ACLR rehabilitation may be clinically
relevant for assessing if a patient is ready to return to sports.
However, more conclusive analyses of improvement trends in
ACLR patients will be enabled through data currently being
collected from a larger number of test participants.
These same estimated force and displacement values can
contribute to future work in quantifying power and control
during the leg press exercise. Power is necessary for return
to sports in ACLR patients [21], but is often qualitatively
rated during functional screens. Our force and displacement
estimates can be used to quantify a patient’s power by
looking at force data over time. To evaluate control, clinicians
check whether patients are both achieving full extension and
maintaining quadriceps activation without slamming weights,
taking breaks, or hyper-extending the knee. Our estimated
displacement measurements can be used to detect breaks
and knee hyper-extension during the leg press exercise.
Furthermore, the kinematic data recovered through the pose
estimation algorithm for the 12 ACLR subjects can be used
in future work to quantify each subject’s knee angles and
estimate joint loads, as excessive valgus and varus loading
in the knee joint are an indicator of ACL injury risk [3], [4],
[5].
The results from this study highlight the effectiveness of
a markerless, inexpensive camera-based method for tracking
rehabilitation progress in ACLR patients, which can be
extended to more functional tasks in the future. The leg press
environment in this study allowed for simple dynamic mod-
eling by constraining the axis of motion. Similarly, progress
assessment in other functional screening tasks, such as jump
tests, lunges, or squats, can be automated by exploiting the
structure in each exercise.
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